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Unfortunately, for various reasons, in-situ rain gauge networks are diminishing, especially in southern Africa, 
resulting in sparse networks whose records give a poor representation of rainfall occurrence, patterns and 
magnitudes. Hydrological models are used to inform decision making; however, model performance is 
directly linked to the quality of input data, such as rainfall. Therefore, the use of satellite-derived rainfall is 
being increasingly advocated as a viable alternative or supplement. The aim of this study was to evaluate the 
representativeness of satellite-derived rainfall and its utility in the ACRU agro-hydrological model to simulate 
streamflow magnitudes, distributions and patterns. The satellite-derived rainfall products selected for use 
in this study were TRMM3B42, FEWSARC2.0, FEWSRFE2.0, TAMSAT 3.0 and GPM-IMERG4. The satellite rainfall 
products were validated against available historical observed records and then were used to drive simulations 
using the ACRU agro-hydrological model in the upper uMngeni, upper uThukela and upper and central 
Breede catchments in South Africa. At the daily timescale, satellite-derived and observed rainfall were poorly 
correlated and variable among locations. However, monthly, seasonal and yearly rainfall totals and simulated 
streamflow volumes were in closer agreement with historical observations than the daily correlations; more so 
in the upper uMngeni and uThukela than in the upper and central Breede (e.g. FEWSARC2.0 and FEWSRFE2.0, 
producing relative volume errors of 3.18%, 4.63%, −5.07% and 2.54%, 9.54%, −1.67%, respectively, at Gauges 
V2E002, 0268883 and 02396985). Therefore, the satellite-derived rainfall shows promise for use in applications 
operating at coarser temporal scales than at finer daily ones. Complex topographical rainfall generation and 
varying weather systems, e.g. frontal rainfall, affected the accuracy of satellite-derived product estimates. This 
study focused on utilising the wealth of available raw satellite data; however, it is clear that the raw satellite 
data need to be corrected for bias and/or downscaled to provide more accurate results.
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INTRODUCTION
Many parts of southern Africa are water-scarce. Sustainable management and decision making 
based on factual information are important to achieve optimum benefit from this precious resource. 
Therefore, understanding the spatial and temporal variations of rainfall is important. Rainfall is 
traditionally measured through the use of in-situ rain gauges. Unfortunately, for various reasons 
rain gauge networks are diminishing, especially in southern Africa. This has resulted in sparse 
networks whose observed records give a poor representation of rainfall occurrence, patterns and 
magnitudes. For many decades now, environmental models have been used as practical tools that can 
generate information used for management decision making and development scenarios. However, 
hydrological models are driven by rainfall and other inputs and their performance is thus directly 
linked to the quality of these input data. Consequently, the use of other sources of rainfall data beyond 
those from the traditional in-situ observation stations, such as satellite-derived products, is being 
increasingly advocated as a viable alternative (Sawunyama and Hughes, 2008). Many remotely sensed 
satellite-derived rainfall products are available which produce rainfall estimates at various spatial and 
temporal scales. The advantage of such observations is that they offer a larger geographical coverage 
with substantially greater amounts of data than those that are accessible through the use of in-situ 
methods (Jarmain et al., 2009; Xu et al., 2014; Amekudzi et al., 2016). Satellite-derived data are also 
updated more frequently and consistently, are usually freely available and relatively easier to access, 
which could enhance their use (Van Dijk and Renzullo, 2011; Xu et al., 2014). Most satellite-derived 
rainfall products use rain-gauge measurements in their algorithms to reduce errors such as bias. They 
are merged using quantitative rainfall information from rain gauges and the spatially continuous 
information obtained from the satellite observations.
However, in spite of the availability and accessibility of satellite-derived data, there is little evidence of 
the wide and consistent uptake of this valuable source of information in water resource management 
(Van Dijk and Renzullo, 2011). There are a number of challenges in the use of satellite-derived data 
in water resource management, chief among which include technological barriers required to process 
the satellite data and the lack of knowledge on integrating these data into available applications 
(Van Dijk and Renzullo, 2011; Xu et al., 2014; Ciabatta et al., 2015). Furthermore, the main focus 
of utilising satellite-derived rainfall within the scientific community has been for validation studies 
to eventually obtain guidelines for the use of specific products in specific regions, due to product 
performance varying in different locations (Ciabatta et al., 2015). The majority of rainfall product 
validation has not occurred in Africa and, specifically, southern Africa. Utilisation of satellite-derived 
data in hydrological models shows promise. However, only a minority of literature focuses on the use 
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of satellite-derived rainfall incorporation into hydrological models 
in Africa and, more specifically, South Africa (e.g. Grimes and 
Diop, 2003; Hughes, 2006; Sawunyama and Hughes, 2008; Cohen 
Liechti, 2012; Li et al, 2012; Tirivarombo, 2012; Vilanculos, 2015). 
The prediction uncertainty in models related to input data needs 
to be reduced in order to improve results of model simulations 
and represent reality. The use of satellite-derived rainfall estimates 
in the Agricultural Catchments Research Unit (ACRU) agro-
hydrological model (Schulze, 1975; 1983; Schulze and Smithers, 
2004) has not been extensively studied and Clark (2015, 2017a,b) 
offers the only reported work on the incorporation of such 
estimates in the model. Thus, the overall aim of this study was to 
evaluate satellite rainfall estimates against in-situ historical rain 
gauge measurements and to use them to drive the ACRU model 
to simulate streamflow. The study focused on utilising raw satellite 
data produced by the products with no further data corrections 
being undertaken to test their applicability, utility and resilience 
in hydrology and water resources management.
METHODOLOGY
Selected study catchments
The upper uMngeni, upper uThukela catchments (located in 
eastern South Africa in the KwaZulu-Natal Province) and the upper 
and central Breede catchment (in south-western South Africa in 
the Western Cape Province) were selected as study sites (Fig. 1). 
These study sites were chosen because the uMgeni and uThukela 
catchments are located in a summer rainfall region and the Breede 
catchment is located in a winter rainfall region, thus experiencing 
contrasting climates and rainfall-generating mechanisms.
Upper uMngeni catchment
The uMngeni River rises in the Midlands region of the KwaZulu-Natal 
Province and has its mouth at Durban where it empties into the Indian 
Ocean, draining an area of about 4 400 km2. The Msunduzi River, 
which passes through the KwaZulu-Natal capital, Pietermaritzburg, 
is one prominent tributary of the uMngeni, with their confluence 
occurring between the large dams of Nagle and Inanda. The altitude 
of the upper uMngeni catchment ranges from 2 000 m in the western 
to 500 m in the eastern parts. The upper uMngeni catchment is 
located in a summer rainfall region with a sub-humid climate, 
with the majority of rainfall occurring from October to March. 
The mean annual precipitation (MAP) varies from 700 mm∙yr-1 
in the middle reaches of the catchment to 1 550 mm∙yr-1 in the west, 
and is apparently influenced by the relief variation (Warburton 
et al., 2010). Temperature is influenced by both distance from 
the ocean and the relief, and mean annual temperatures range 
from 20˚C nearer the ocean to 12˚C in the escarpment areas. The 
mean annual potential evaporation of the catchment ranges from 
1 567 mm to 1 737 mm (Warburton et al., 2010).
Upper uThukela catchment
The uThukela (Tugela) River is the largest river in the KwaZulu-
Natal Province. The uThukela catchment has its source in the 
Mont-aux-Sources of the Drakensberg Mountains (same source 
region of the two other major South African rivers, the Orange and 
the Vaal) and drains an area of about 29 000 km2 before it flows 
into the Indian Ocean. The uThukela has a number of tributaries 
arising in the Drakensberg mountain range, the largest being 
the Mzinyathi River, and including the Little Tugela, Klip, Mooi, 
Blood, Sundays, Ingagani and Bushman Rivers. Altitude in 
the upper catchment ranges from 3 451 m in the west to 474 m 
in the east. The uThukela catchment is located in a summer 
rainfall region with a sub-humid climate, with the majority of 
rainfall occurring from October to March. The MAP ranges from 
2 000 mm∙yr-1 in the west to 500 mm∙yr-1 in the central parts of 
the catchment, with mean annual temperatures ranging between 
24˚C and 12˚C and mean potential evapotranspiration between 
1 600 mm and 2 000 mm (Andersson et al., 2011).
Upper and central Breede catchment
The Breede River, formed by the joining of the Titus and Dwars 
Rivers, is located in the Western Cape Province of South Africa. 
The upper part of the catchment is in the Skurweberg mountain 
range close to the town of Ceres. The headwaters then flow through 
the Mitchells Pass before plaining out on its middle course in the 
neighbourhood of the town of Worcester. The Breede River mouth 
is in an estuary at Port Beaufort on the Indian Ocean. The most 
prominent tributaries of the Breede River include the Holsloot, 
Smalblaar, Hex, Slang, Buffeljags and the Riviersonderend 
Rivers. In the upper and central Breede catchment altitude varies 
considerably, from 2 300 m to 200 m, with abrupt steep mountains 
and flat plains. The Breede River catchment experiences a 
Mediterranean climate with winter rainfall between April and 
August. The mountainous regions located in the south-west of the 
catchment experience an MAP of 2 000 mm∙yr-1, while the central 
and north-eastern areas experience an MAP of 250 mm∙yr-1. Mean 
annual temperatures range from 20˚C to 8˚C.
Figure 1. The location of the selected catchments used in this study
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Satellite-derived rainfall products
Satellite-derived rainfall products were chosen based on temporal 
(daily preferred) and spatial (the finest preferred) resolution, 
product latency, coverage of study areas and cost of acquisition 
(free products preferred). The Tropical Rainfall Measuring 
Mission 3B42 (TRMM3B42), Global Precipitation Mission (GPM-
IMERG4), Tropical Applications of Meteorology Using Satellite 
Data and Ground-Based Observations (TAMSAT version 3), 
Famine Early Warning Systems Rainfall Estimator (FEWSRFE2.0) 
and the Famine Early Warning Systems African Rainfall 
Climatology (FEWSARC2.0) were evaluated in this study (Table 1). 
As a result of the GPM data only being released from March 
2014 onward, the analyses of the products in relation to GPM 
were done from this date to either 30 April 2017 or 30 September 
2016, for the product validation and hydrological simulations, 
respectively. The end date of the hydrological simulations was 
determined by the availability of historical observed evaporation 
records. TRMM3B42 (Kummerow et al., 1998; Huffman et al., 
2010), FEWSARC2.0 (Novella and Thiaw, 2013), FEWSRFE2.0 
(Xie and Arkin, 1996), TAMSAT3 (Tarnavsky et al., 2014) and 
GPM (Huffman et al., 2014) utilise rain gauge measurements for 
corrections, such as bias, to satellite data. Therefore, no further 
corrections were made to the satellite data.
Historical observations of rainfall and streamflow
Daily rain gauge observations were essential for use in the 
satellite-derived products validation part of the study, as well as 
to drive the ACRU model. These data were obtained from the 
Department of Water and Sanitation (DWS) of South Africa and 
the South African Weather Service (SAWS).
The data for the period 1 January 2010 to 30 April 2017 were used in 
the satellite-derived rainfall validation part of the study. The dates 
selected for the validation component study were based on the ex-
istence of a common period with the best quality (i.e. fewer missing 
data in the observed records) of data across all available rain gauges 
(Table 2 and 3; Fig. 2) in operation throughout the study period.
Configuration of the ACRU model
The ACRU agro-hydrological model version 4 (Schulze, 1995; 
Schulze and Smithers, 2004) was used in this study. The ACRU 
model is a daily time-step, multilevel, physical-conceptual and 
multi-purpose model that was developed by the School of Bio-
resources Engineering and Environmental Hydrology (BEEH) 
at the University of KwaZulu-Natal, South Africa (Warburton 
et al., 2010). A list of studies where the ACRU model has been 
extensively utilised in southern Africa is provided by Warburton 
et al. (2010). The ACRU model configuration used for the upper 
uMngeni catchment was obtained from Clark (2015), while those 
for the upper uThukela and upper and central Breede catchments 
were, respectively, from Clark (2017a; 2017b).
In this study the ACRU model was driven by both the satellite-
derived rainfall estimates as well as in-situ observed historical 
rain gauge measurements, as in the traditional approach, and 
the results were compared for the two input data types and 
with available observed historical streamflow records obtained 
from DWS (Table 4, Fig. 2). The modelling time period was 
also influenced by the availability of reference evaporation data 
(a model input), which were supplied by the Satellite Applications 
Hydrology Group (SAHG) at the University of KwaZulu-Natal 
(http://sahg.ukzn.ac.za/soil_moisture/et). The data are available 
for the period 2007 to 2017. Catchment rainfall estimates were 
derived from the remotely sensed rainfall data in raster format 
by calculating an area-weighted average of the rainfall pixels that 
completely or partly overlapped each individual catchment. The 
model simulation period was 1 October 2007 to 30 September 
2016. Performance statistics were calculated to evaluate the 
simulated streamflows based on the different rainfall products 
and rain gauges. However, the performance statistics presented 
in this paper only include bias, relative volume error percentage 
(RVE%), coefficient of determination (R2) and the Nash-Sutcliffe 
efficiency (NSE). The equations are presented below:
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where Gi = gauge measurements, Ti = satellite-derived estimates, 
N = number of observations
Table 1. Specifications of the satellite-derived rainfall products used
Specification TRMM3B42 V7 FEWSARC2.0 FEWSRFE2.0 TAMSAT V3 GPM (IMERGV4)
Spatial (km) 25 x 25 10 x 10 10 x 10 3.75 x 3.75 10 x 10
Temporal Daily Daily Daily Daily Daily
Format NetCDF 4 Geotiff Geotiff NetCDF 3 NetCDF 4
Availability 1998–present 1983–present 2001–present 1983–present 2014–present
Coverage Global Africa Africa Africa Global
Table 2. Details of rain gauges (and the source in brackets) used in the upper uMngeni and uThukela catchments
Rain gauge Station name Latitude Longitude
U2E002 Driefontein @ Cedara −29.53368 30.28308
V2E002 Rietvlei @ Craigie Burn Dam −29.16703 30.28308
0268883 6 Mooi River (SAWS) −29.21800 30.00200
0239698 5 Pietermaritzburg (SAWS) −29.62700 30.40200
Table 3. Details of rain gauges (and the source in brackets) used in the Breede catchment
Rain gauge Station Name Latitude Longitude
0022729 X Worcester (SAWS) −33.66300 19.41800
H9E002 Krantzkloof @ Korinte-Vet Dam −34.00638 21.16250
H6E001 The Waters Kloof @ Theewaterskloof Dam −34.07591 19.29189
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Figure 2. Location of the rain and stream flow gauges used in this study
RESULTS AND DISCUSSION
Validation of satellite-derived rainfall products
The upper uMngeni and upper uThukela catchments are analysed 
together because the catchments border one another, are both 
located in a summer rainfall region and therefore have similar 
rainfall regimes.
Satellite-derived rainfall estimates were variable at each location. 
No definite trends seem to exist among the products when 
compared to rain gauge measurements at the daily scale, where 
products indicated some sort of bias through either overestimating 
or underestimating daily rainfall magnitudes (Table 5). Apart 
from both FEWS products at Gauge 02396985, the daily 
correlations between gauge measurements and satellite estimates 
were poor, with R2 values below 0.60. TAMSAT3 produced the 
poorest daily correlation with R2 values below 0.20. Both FEWS 
products produced the closest daily correlations with the gauges, 
with R2 values higher than that achieved by the other satellite-
derived products (Table 5). Cumulative rainfall plots (Fig. 3a–d) 
show that the products are in closer agreement with rain gauge 
measurements only at a monthly, seasonal and yearly scale. This 
was because products would either overestimate or underestimate 
at a daily level and these effects would be masked over longer time 
periods. Total volume correlations between the satellite-derived 
rainfall estimates and observed gauge measurements were in 
closer agreement. The FEWS products produced the closest 
agreement with rain gauge totals with RVE% of 3.18 and 2.54% 
at V2E002, 4.63 and 9.54% at 0268883 and −5.07 and −1.67% 
at 02396985 for FEWSARC2.0 and FEWSRFE2.0, respectively. 
All satellite-derived products underestimated rainfall at Gauge 
U2E002 with GPM underestimating the most (−43.77 %) and 
TAMSAT3 the least, with an RVE% of 15.52%.
Table 4. List of streamflow gauges used in the study
Gauging station Name Latitude Longitude Catchment area (km2) Missing data (%)
Upper uMngeni
U2H006 Karkloof @ Shafton −29.38175 30.27775 339 3
U2H007 Lions River (Mpofana River @ Weltevreden −29.44258 30.14852 358 2
U2H013 uMngeni River @ Petrus Stroom −29.51261 30.09441 299 2
Upper uThukela
V6H004 Sondags River @ Kleinfontein −28.40458 30.01280 658 1
V7H017 Boesmans River @ Drakensberg Loc 1 −29.18516 29.63708 276 1
V2H006 Little Mooi River @ Dartington −29.26619 29.86800 190 1
Upper and Central Breede
H1H013 Koekedou River @ Ceres −33.35972 19.29833 53 1
H4H016 Keisers @ Mc Gregor Toeken Geb −33.93944 19.84055 116 3
H4H018 Poesjenels @ Le Chasseur −33.86777 19.71611 252 1
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Table 5. Statistics of the comparison of satellite-derived rainfall estimates to rain gauge measurements
Product U2E002 V2E002 0268883 02396985
TRMM3B42 Bias 0.84 1.18 1.25 1.16
RVE % −16.49 18.08 25.23 16.09
R2 0.26 0.30 0.18 0.31
FEWSARC2.0 Bias 0.79 1.03 1.05 0.95
RVE % −21.49 3.18 4.63 −5.07
R2 0.59 0.32 0.26 0.86
FEWSRFE2.0 Bias 0.80 1.03 1.10 0.98
RVE % −20.27 2.54 9.54 −1.67
R2 0.57 0.48 0.33 0.87
TAMSAT-3 Bias 0.84 1.13 1.17 1.13
RVE % −15.52 12.67 16.54 13.12
R2 0.11 0.16 0.14 0.12
GPM Bias 0.56 0.90 0.87 0.81
RVE % −43.77 −10.46 −13.20 −18.98
R2 0.27 0.22 0.43 0.33
 a. U2E002 (Driefontein at Cedara)
 b. V2E002 (Rietvlei at Craigie Burn Dam)
 c. 0268883 6 (Mooi River SAWS)
 d. 0239698 5 (Pietermaritzburg SAWS)
Figure 3. Graphs of accumulated rainfall of the satellite-derived estimates and rain gauge measurements. The graphs on the left depict the 
analysis for the period 1 January 2010 – 30 April 2017 and the graphs on the right depict the GPM period of analysis. 
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    a. 0022729 X (Worcester)
    b. H9E002 (Krantzkloof @Korinte-Vet Dam)
    c. H6E001 (Thee Waters Kloof @ Theewaterskloof Dam)
Figure 4. Graphs of accumulated rainfall of the satellite-derived estimates and rain gauge measurements. The graphs on the left depict the analysis 
for the period 1 January 2010 – 30 April 2017 and the graphs on the right depict the GPM period of analysis.
Satellite-derived rainfall estimates were variable at each location in 
the Breede. No definite trends seem to exist among the products 
when compared to rain gauge measurements at the daily scale, 
where products indicated some sort of bias through either 
overestimating or underestimating daily rainfall magnitudes 
(Table  6). FEWSARC2.0 and FEWSRFE2.0 produced the closest 
daily correlation with gauge measurements, with R2 values of 
0.70 and 0.69, respectively, at Gauge 022729X. However, daily 
correlations were poor and achieved R2 values below 0.55 at Gauges 
H2E003 and H6E001. TAMSAT3 produced poor correlations 
with gauges measurements, with R2 values below 0.04. Cumulative 
rainfall plots shown in Fig. 4a–c show that the products are in 
closer agreement with rain gauge measurements only at a monthly, 
seasonal and yearly scale, but less so when compared to the 
upper uMngeni and upper uThukela. All of the satellite-derived 
products underestimated rainfall at Gauge H2E003 with RVE% 
of −33.85, −53.12, −55.49, −43.18 and −62.56% for TRMM3B42, 
FEWSARC2.0, FEWSRFE2.0, TAMSAT3 and GPM, respectively. 
Apart from GPM, all products overestimated rainfall at Gauge 
0022729X, with TRMM3B42 overestimating the most (69.28%). 
TAMSAT-3 produced the closest volume correlation with RVE% of 
4.52 and −11.66% at Gauges 0022729X and H6E001, respectively, 
even though the daily correlations were the poorest. This is 
attributed to the product inaccurately estimating rainfall at the daily 
scale, but with masking of these effects at longer time intervals.
Table 6. Summary of statistics comparing satellite product estimates 
to rain gauge measurements
Product 0022729 X H2E003 H6E001
TRMM3B42 Bias 1.69 0.66 0.72
RVE % 69.28 −33.85 −27.86
R2 0.39 0.17 0.34
FEWSARC2.0 Bias 1.53 0.47 1.05
RVE % 53.06 −53.12 4.72
R2 0.70 0.25 0.53
FEWSRFE2.0 Bias 1.30 0.45 0.76
RVE % 30.46 −55.49 −23.78
R2 0.69 0.28 0.45
TAMSAT-3 Bias 1.05 0.57 0.88
RVE % 4.52 −43.18 −11.66
R2 0.02 0.01 0.03
GPM Bias 0.88 0.37 0.46
RVE % −12.43 −62.56 −54.14
R2 0.32 0.07 0.20
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The satellite-derived rainfall estimates produced inconsistent 
results when compared to rain gauges across all three study 
sites. The phase difference between rain gauge data and the 
various remotely sensed datasets is one source of error, not for 
volumes but for poor daily correlation, where gauge rainfall and 
satellite-derived rainfall datasets represent 24-h periods starting 
at different times. The satellite-derived rainfall estimates were 
in better statistical agreement to rain gauge measurements in 
the upper uMngeni and upper uThukela than in the Breede 
region. This could be attributed to the satellite products’ ability 
to estimate rainfall from convective mechanisms which are the 
dominant rainfall mechanisms of the upper uMngeni and upper 
uThukela region (Thorne et al., 2001). Cold Cloud Temperatures 
(CTT) and Cold Cloud Duration (CDD) are utilised as inputs 
in all of the satellite rainfall products’ algorithms utilised in 
this study (e.g. the FEWS products obtain CTT and CDD from 
EUMETSAT’s Meteosat). The CTT inputs are more effective in 
estimating rainfall from convective systems and less so for frontal 
or orographic regimes (Thorne et al., 2001). The upper Breede 
catchment rainfall is highly influenced by the warm Indian Ocean 
and cold Atlantic Ocean air masses (Bangira et al., 2015), which 
often meet along the Western Cape coast resulting in convergence 
and frontal rainfall. Thus, this mechanism of rainfall development 
seems to influence the accuracy of the satellite rainfall estimates 
(Thorne et al., 2001; Maidment et al., 2017). Orographic rainfall 
regimes caused by topographical gradients, especially in the upper 
Breede catchment, are not well captured by the satellite’s retrieval 
algorithms. Warm clouds produced by orographic mechanisms 
are associated with high rainfall totals. However, these are not 
captured by CDD and CTT, which may explain the poor fit of 
results in this region (Thorne et al., 2001; Maidment et al., 
2017). Rain gauge measurements do not account for the spatial 
variations of topography, whereas satellite-derived rainfall does 
not account for the estimation errors caused by different rainfall 
regimes (Hughes, 2006; Kimani et al., 2017). Polar orbits, field-
view of sensors, uncertainty of retrieval algorithms and sampling 
frequency are factors that affect the accuracy of satellite-derived 
rainfall estimation (Amekudzi et al., 2016). The satellite-derived 
rainfall products utilise rain gauge inputs to calibrate the satellite-
derived data. Absence of rain gauges and quality of measurements 
affect the accuracy of rainfall estimates produced.
Streamflow simulations with the ACRU model
Simulations of streamflow were poor and variable across all three 
study sites. Daily correlations between observed streamflow 
and simulated streamflow were poor, with the coefficient of 
determination, R2, values all below 0.50. Apart from Gauge 
H4H016, rain gauge and TRMM3B42 driven simulations 
produced the closest daily correlations with streamflow gauge 
observations. Total streamflow volumes simulated in the upper 
uMngeni were variable amongst simulations with RVE% ranging 
from −91.60% (GPM at U2H013) to 78.21% (TAMSAT-3 at 
U2H013). TRMM3B42 driven simulations outperformed the 
other simulations in the upper uThukela catchments, achieving 
RVE%’s of −8.77%, −35.76% and −19.17% at Gauges V6H006, 
V7H017 and V2H006, respectively. Streamflow simulations 
driven by rain gauges, TRMM3B42 and both FEWS satellite 
products overestimated streamflow at Gauges H4H016 and 
H4H018 in the upper and central Breede catchments with RVE% 
values of 133.83, 174.39, 89.43, 239.09, 2.89, 130.16, 8.99, 26.39%, 
respectively (Table 7, Fig. 5a–i). Simulations driven by both FEWS 
products outperformed those by the other products in terms of total 
streamflow volumes in the upper and central Breede catchments, 
while the TRMM3B42 driven simulations outperformed the 
others in the uThukela catchment. The satellite rainfall products 
considerably underestimated streamflow at Gauge H1H013, with 
bias values ranging from 0.01 (TAMSAT-3 and GPM) to 0.05 
(TRMM3B42); R2 values ranging from 0.02 (TAMSAT-3 and 
GPM) to 0.05 (TRMM3B42); and RVE% from −99.04% (GPM) to 
95.36% (TRMM3B42) (Table 7). The rain gauge driven simulation 
outperformed the product driven simulations at this gauge. 
Table 7. Statistics of the ACRU modelling simulations at the stream gauges 
U2H006 U2H007 U2H013 V6H004 V7H017 V2H006 H1H013 H4H016 H4H018
Rain gauge Bias 0.79 1.34 0.31 0.99 0.30 0.32 1.65 2.34 2.74
RVE% −20.85 33.60 −30.36 −0.96 −69.56 −67.89 65.40 133.83 174.39
R2 0.25 0.31 0.39 0.29 0.34 0.24 0.38 0.12 0.15
NSE −0.27 −0.98 0.16 −0.11 0.10 −0.06 0.03 −0.04 −1.53
TRMM3B42 Bias 0.46 1.27 0.30 0.91 0.64 0.81 0.05 1.89 3.39
RVE % −53.98 27.50 60.50 −8.77 −35.76 −19.17 −95.36 89.43 239.09
R2 0.22 0.45 0.45 0.25 0.37 0.22 0.05 0.20 0.18
NSE 0.008 −0.84 0.19 0.07 0.31 0.12 −0.13 0.03 −9.80
FEWSARC2.0 Bias 0.18 0.80 0.26 0.61 0.25 0.09 0.02 1.03 2.30
RVE % −82.07 −20.28 −73.71 −38.64 75.00 −90.99 −98.16 2.89 130.16
R2 0.03 0.26 0.26 0.18 0.09 0.13 0.03 0.25 0.09
NSE −0.41 −0.06 −0.03 −0.20 −0.14 −0.24 −0.15 0.15 −1.67
FEWSRFE2.0 Bias 0.09 0.72 0.23 0.58 0.20 0.07 0.03 1.09 1.26
RVE % −91.21 −28.28 −76.75 −41.51 −79.97 −92.77 −96.84 8.99 26.39
R2 0.07 0.21 0.34 0.20 0.14 0.11 0.04 0.18 0.09
NSE −0.26 −0.004 −0.05 0.03 −0.16 −0.27 −0.15 0.12 −1.35
TAMSAT Bias 0.23 1.01 0.22 0.31 0.37 0.21 0.01 0.43 0.69
RVE % −76.59 0.87 78.21 −69.19 −63.04 −78.99 −98.86 −57.04 −30.59
R2 0.05 0.21 0.15 0.04 0.19 0.11 0.02 0.01 0.03
NSE −0.19 −0.002 −0.21 −0.06 0.007 −0.22 −0.16 0.00 −0.09
GPM` Bias 0.31 1.27 0.08 0.54 0.54 0.29 0.01 0.01 0.04
RVE % −68.82 26.68 −91.60 −45.72 −45.52 −70.83 −99.04 −95.90 −95.90
R2 0.02 0.59 0.21 0.18 0.11 0.08 0.02 0.02 0.07
NSE −3.45 0.03 −0.09 0.21 0.26 0.06 −0.50 −0.02 −0.04
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               a. U2H006 Karkloof @ Shafton
               b. U2H007 (Lions River @ Weltevreden)
               c. U2H013 (Mgeni River @ Petrus Stroom)
               d. V6H004 (Sondags River @ Kleinfontein)
               e. V7H017 (Boesmans River @ Drakensberg Loc 1)
Figure 5. Graphs of accumulated streamflow produced by satellite product estimates, rain gauge and observed streamflow measurements. 
The graphs on the left depict the whole period of analysis and the graphs on the right depict the GPM period of analysis.
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               f. V2H006 (Little Mooi River @ Dartington)
               g. H1H013 (Koekedou River @ Ceres)
               h. H4H016 (Keisers @ Mc Gregor Toeken Geb)
               I. H4H018 (Poesjenels @ Le Chasseur)
Figure 5 Continued. Graphs of accumulated streamflow produced by satellite product estimates, rain gauge and observed streamflow 
measurements. The graphs on the left depict the whole period of analysis and the graphs on the right depict the GPM period of analysis.
The relationship between simulated streamflow and weir gauge 
data was generally poor and variable, with TRMM3B42 producing 
the lowest NSE value of −9.80 at Gauge H4H018. TRMM3B42 
produced the highest NSE value of 0.31 at Gauge V7H017. The 
upper Breede catchment involves complex topography and the 
products poorly estimate rainfall generated in this area, as they 
may be unable to accurately estimate rainfall from the rainfall-
generating mechanisms in this area, as mentioned previously. 
Rain gauges neglect the spatial variations of rainfall in terms of 
topography (Hughes et al., 2006) which may also explain the poor 
rain gauge driven streamflow results, especially in the Breede 
region which involves complex topography. There may be phase 
errors in the simulated runoff due to not routing flows down the 
main river reaches in ACRU, which could also affect the daily 
correlations. However, the poor estimation of rainfall volumes far 
outweighs the phasing errors.
The sparse network of rain gauges in the catchments meant 
that the rain gauges used to represent the sub-catchments were 
not necessarily in or close to the sub-catchments. Therefore, a 
precipitation correction factor had to be calculated and applied 
to the rain gauge data to represent the rainfall in those sub-
catchments with similar elevation and MAP. Uncertainty arises 
as sub-catchments are driven with rain gauge measurements 
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that are not entirely representative of the area; however, it is 
the reality that practitioners are faced with diminishing in-situ 
networks. Streamflow gauge data also contain inaccuracies, 
especially in operational catchments where the catchments are 
far from ‘natural’, with many upstream anthropogenic influences 
(e.g. abstractions) which are rarely documented accurately, as found 
in Sawunyama and Hughes (2008). The use of the raw satellite-
derived rainfall with larger spatial coverage over the catchments 
produced some considerable under- or over-estimations of 
streamflows. Consequently, bias for in-situ rain gauges is expected 
to be smaller than that in satellite-derived estimates (Nicholson et 
al., 2003). Satellite rainfall products spatially average rainfall over 
the whole pixel to produce a pixel estimate. Rainfall variations 
are therefore neglected within the pixel area and, in particular, 
the effects of topography on rainfall, which can have a great 
influence on the rainfall, are also often ignored. There is therefore 
a substantial amount of uncertainty.
CONCLUSIONS
Understanding the spatial and temporal variations of the 
rainfall input are important to achieve effective water resource 
management. Rainfall is traditionally measured through the 
use of in situ rain gauges. However, for various reasons, that 
include availability of the requisite financial resources, rain gauge 
networks are sparse in almost all developing countries, which 
implies poor spatial and temporal representation by available 
rainfall records. Hydrological models, driven by rainfall, are used 
to generate information for management and policy decision 
making and the quality of their outputs are reliant on the quality 
of rainfall inputs to the model. The ease of access, availability, 
cost-effectiveness and larger geographical coverage have made 
remotely sensed satellite-derived rainfall a viable option for use in 
water resource management. Thus, this study aimed at validating 
a selected group of satellite-derived rainfall estimates against 
in-situ observed historical measurements and then to use such 
estimates as inputs to drive the ACRU hydrological model to 
simulate streamflow.
The satellite-derived products evaluated in this study included 
the Tropical Rainfall Measuring Mission 3B42 (TRMM3B42), 
Global Precipitation Mission (GPM), Tropical Applications of 
Meteorology Using Satellite Data and Ground-Based Observations 
(TAMSAT version 3), Famine Early Warning Systems Rainfall 
Estimator (FEWSRFE2.0) and the Famine Early Warning Systems 
African Rainfall Climatology (FEWSARC2.0). The products’ 
performances were evaluated in the upper uMngeni, upper 
uThukela and upper and central Breede catchments, which were 
chosen to represent different climatic conditions.
The performance of the satellite-derived products was highly 
variable at each location. The study discovered that these products 
tended to poorly represent rainfall magnitudes at the daily time 
scale, producing poor correlations with observed rain gauge data, 
and more so in the Breede catchment than in the uMngeni and 
uThukela catchments. The FEWS products provided the closest 
daily correlations with observed rainfall when compared to the 
other products evaluated. Of interest, however, is the observation 
that, in spite of the results at the daily time scale, total estimated 
rainfall volumes over the period of analysis were in better 
statistical agreement with total observed rainfall.
The simulations of streamflow driven by both the satellite-derived 
products and in-situ rain gauge measurements also produced 
variable and generally poor results. Comparisons of simulated 
daily and observed stream flows were poor (i.e. R2 of less than 
0.5) across all the study sites, while the simulations driven by 
in-situ rain gauge and TRMM3B42 often produced the closest 
agreement with observed data (e.g. R2 values of 0.39 for rain gauge 
and 0.45 for TRMM3B42 driven simulations at gauge U2H013). 
Total estimated volumes of simulated streamflow were, however, 
in better agreement with total observed streamflow than the daily 
correlations (e.g. RVE% for TRMM3B42 of −8.77% at V6H004, 
−19.17% at V2H006; for FEWSARC2.0 and FEWSRFE2.0 of −20.28 
and −28.28% at U2H007; for FEWSARC2.0 and FEWSRFE2.0 
of 2.89% and 8.99% at H4H016; for TAMSAT3 of −0.87% at 
U2H007). TRMM3B42 produced the best representation of 
observed streamflow in the upper uThukela catchment, while 
FEWS products produced the best representation of observed 
streamflow in the upper and central Breede catchment (i.e. 
TRMM3B42 RVE% of −8.77%, −35.76% and −19.17% at V6H004, 
V7H017, V2H006, respectively; FEWSARC2.0 RVE% of 2.89 at 
H4H016 and FEWSARC2.0 and FEWSRFE2.0 RVE% of 8.99% 
and 26.39% at H4H018). The traditional method of utilising rain 
gauge measurements to drive simulations did not necessarily 
outperform the product driven simulations due to the sparse 
network of quality gauges in the study sites.
Satellite-derived rainfall should not be seen as a replacement 
for in-situ measurements, but conjunctive use of both data 
sources is advocated to create measurements that are more 
spatially representative and accurate. This study has shown closer 
agreement for total volume estimation than for daily correlations 
with observed data at the three study sites. Therefore, applications 
operating at a finer temporal resolution, like the daily scale, need 
more work for better representation; however, the satellite-derived 
rainfall may be of great value to applications at coarser temporal 
resolutions, such as water account/budgets, as diurnal variations 
seem to be obliterated at such scales. This study focused on 
assessing the utility of raw uncorrected satellite-derived rainfall in 
water resource management studies. However, the clear message 
from the analysis is that it will always be necessary to correct for 
bias and downscaling of the raw satellite-derived data to get better 
results. Also given the spatial variability of the performance of 
satellite-derived estimates, it would be important to validate these 
products with available observations before using them in any 
applications, as such estimates tend to invariably be affected by 
the topography and rainfall regimes of any given region.
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